This paper investigates the effects of the launch of Bitcoin futures on the intraday volatility of Bitcoin.
2006) after Bitcoin futures were introduced. Then we use the discrete Fourier transform (DFT) to
analyze the change in more detail.
DFT provides additional advantages in studying intraday volatility over using the realized variance alone: First, whereas traditional intraday volatility measures usually assume a specific parametric stochastic process model as the price process 3 , DFT is fully model-free and non-parametric.
Hence, the analysis based on DFT provides more realistic results than those from an analysis based on traditional volatility measures. In addition, as Malliavin and Mancino (2002) note, since DFT's algorithm is based on integrating time series, DFT is more robust than traditional methods are. 4 By performing an analysis based on DFT in addition to an analysis using realized volatility, we can get a realistic, robust, and detailed results on the change in intraday Bitcoin volatility after trading of Bitcoin futures was introduced (Kim and Jun 2018) . To the best of our knowledge, this study is the first to investigate empirically the long-term effect of the launch of Bitcoin futures on Bitcoin's market stability.
Data
Although most empirical studies on cryptocurrency have used data from one exchange, to ensure the validity of our empirical results we use data from the five largest cryptocurrency exchanges: Bitflyer, Coincheck (Japan), Bitstamp (E.U), Coinbase (U.S) and Binance (Hong Kong). In addition, our sample period includes an additional four months of data before and after the sample period used in Corbet et al. (2018) Figure 1 shows Bitcoin's daily closing prices during our sample period.
Insert Figure 1 about here.
Methodology and Results
To assess the aggregate change in the intraday volatility of Bitcoin's price process after the introduction of Bitcoin futures, we estimated the bias-corrected realized volatility (Hansen and Lunde, 2006) . The bias-corrected realized volatility of Bitcoin on day t, , is defined as:
where , is the k-th one-minute log return of Bitcoin on day t. Since Bitcoin is traded for twenty-four hours, there are 1,440 returns for each day. Corbet et al. (2018) . However, the realized volatility gradually decreased in Periods 2 and 3, and Period 3's realized volatility decreased statistically significantly compared to Period 0.
Therefore, the results shown in Table 1 suggest that, although Bitcoin's realized volatility increased 6 Although CBOE opened a futures market on December 10, trading volume was too small until the CME launched Bitcoin futures (Hale et al., 2018) immediately after the futures were introduced, the realized volatility decreased gradually after that to a level lower than it was before the futures were introduced. This finding holds true for all five exchanges in our dataset. Table 1 also contains the empirical results from the same analysis for the Garman-Klass volatility estimator 9 to gauge the robustness of our result and shows that our main results are robust for that estimator.
Insert Table 1 about here.
To estimate the causal effects of the introduction of Bitcoin futures more precisely, we perform the difference-in-differences (DD) analysis. We use Bitcoin prices from the Binance exchange as a treatment variable and the Ethereum price from the same exchange as a control variable. Using Bitcoin and Ethereum price data from the Binance exchange, we estimate the following regression equation for the DD estimator for a fixed k (k = 1, 2, or 3):
where [ ] is a time dummy variable that equals 1 for observations obtained in Period k, the time after the introduction of Bitcoin futures, and zero for observations in Period_0, the time before the introduction of Bitcoin futures. is a dummy variable that switches on for observations of Bitcoin and off for observations of Ethereum.
Insert Table 2 about here. Table 2 , which presents the coefficient estimates for the regression model (2) with corresponding t-statistics, shows that, although negative estimates of 3 for k = 1 and k = 2 are statistically insignificant, the negative estimate of 3 for k = 3 is statistically significant. Thus, the empirical results shown in Table 2 suggest that, although the increased (decreased) intraday volatility 9 The Garman-Klass volatility estimator is defined by To analyze the change in the intraday volatility of Bitcoin prices in more detail, we applied DFT to the intraday Bitcoin price time series, as in Kim and Jun (2018) . The Fourier coefficients of Bitcoin's price time series on day t are given by:
for w = 1,2,…, 720, , where ( ) denotes the k-th one-minute log price of Bitcoin on day t. Thus, we obtain a 720-element amplitude vector of Bitcoin price on day t,
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. The w-th element of the vector represents the amplitude of frequency w, such that ( ) (= √ ( ) 2 + ( ) 2 ).
Using computed for each day t, we calculated the time series average amplitude of each frequency component for each sub-period:
where Period_i is the set of days in our sample period that belong to Period i.
Insert Figure 2 about here. Table 3 reports the average Change_Freqw and t-statistics for the one sample t test determining whether the average is statistically different from 1, for the low-frequency band (w: 1-240) , the mediumfrequency band (w: 241-480) , and the high-frequency band (w: 481-720) for Periods 1, 2, and 3, respectively over Period 0, and for the five cryptocurrency exchanges. Table 3 shows that, for all five exchanges, the average Change_Freqw of low frequency is statistically larger than 1, whereas those of medium-and high frequency are statistically smaller than 1. Moreover, the average Change_Freqw of the low-, medium-, and high-frequency component of Period 3 are statistically significantly smaller than those of Period 2. The empirical results in Table 3 indicate that all of the low-, medium-, and highfrequency components of the Bitcoin price time series increased in Period 1 compared to Period 0 and that all of them significantly decreased in Periods 2 and 3 compared to Period 0. In addition, the low-, medium-, and high-frequency components of the Bitcoin price time series decreased in Period 3 compared to Period 2. Since the sample variance of a stochastic process can be expressed as the sum of squares of the sample's amplitudes for all frequencies of the stochastic process (see Hamilton, 1994, section 6 .2), the results in Table 3 suggest that it is not the change of partial frequency components but the changes in the low-, medium-, and high-frequency components that induce the intraday volatility changes following the appearance of the Bitcoin futures reported in Table 1 .
Using two-regime Markov-switching GARCH models and a dataset that ended on March 3, 2018, Ardia et al. (2018) also showed that there had been a switch to the high-volatility regime around the launch of the Bitcoin futures. Since their dataset does not cover Periods 2 and 3, to show that their preferred model specification provides the same result that our model does during Periods 2 and 3, we investigate the regime change in the GARCH volatility dynamics of Bitcoin log-returns using the tworegime skewed Student-t GJR model, which is the preferred model in Ardia et al. (2018) .
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11 Because the number of observations in our sample is not high enough to employ MCMC simulation, we performed Maximum Likelihood estimation using the R package developed by Ardia et al. (2016) . Figure 3 shows the smoothed probabilities for the two-regime skewed Student-t GJR model during our sample period. The figure shows that, whereas the probability of a high-volatility regime is near 1 during Periods 0 and 1, the probability of a high-volatility regime starts to approach 0 and the probability of a low-volatility regime starts to approach 1 in the middle of Period 2 (the beginning of April, 2018). Therefore, the empirical result from the two-regime Markov-switching GARCH model analysis also supports our main finding that, in the long-run, the Bitcoin price process was more stable than its previous level following the appearance of Bitcoin futures.
Insert Figure 3 about here
Conclusions
We used the bias-corrected realized volatility and the DFT to investigate the effects of Bitcoin futures' introduction on the intraday volatility of Bitcoin based on one-minute Bitcoin price data. Our study has two primary findings: First, for a short time immediately after the trading of Bitcoin futures began, the realized volatility increased and the low-, medium, and high-frequency components of the Bitcoin price process increased to points higher than they were before the futures were introduced. This result suggests that the Bitcoin market was not favorable to liquidity-providers for that short period after the introduction of Bitcoin futures because they risked increased low-frequency price swings, even with the same inventories. Second, as time passed, both the realized volatility and all of the frequencies of the Bitcoin price process decreased to below where they were before Bitcoin futures were introduced. These two findings show that, although the Bitcoin market became unstable for a while immediately after the introduction of the futures market, over time the market gradually became more stabilized than it was before. (-208.2267) 
